Results: Within this national survey data, the respondents were more likely to be included in the Inactive Seekers (N = 8312, 58.5%) compared to Active Seekers (N = 5908, 41.5%). The demographic characteristics indicated that the Inactive Seekers were identified as younger, male, highly educated, White, and high household income people. The binary logistic regression results from the study model indicated that healthier people were less likely to seek out health information than their counterparts. In addition, those who were exposed to various media were almost 1.6 times more likely to seek out health information than those who were not exposed to such media. Within this study data, the statistically significant determinants identified were health condition and health media exposure while computer/Internet activities did not show strong indications in predicting inactive seeking behavior.
Introduction
With the proliferation of information sources and services, health information is increasingly sought out by the public.
patterns in information behaviors that are influenced by demographic profiles, preferred sources, desirable skills, and prior-knowledge to facilitate health information seeking [5] [6] [7] [8] [9] . Furthermore, the rise of the consumer empowerment movement offers a critical opportunity for engaging people in their information seeking for optimal health outcomes [10] [11] [12] [13] [14] [15] . Whether for sick people or well people, consumer empowerment approaches show potential for increasing information seeking studies to associate individuals' health literacy with their optimal care. Yet, there is a dearth of information that addresses the reasons people do not gather or access health information.
Despite the fact that more health information is available, there are still people who do not actively engage in seeking it. The profiles of active health information seekers could be flipped over to partially answer why people do not gather health information online. For instance, the Pew Internet and American Life Project survey reported that age and education are the most significant determinants of Internet access, followed by health and disability status [16] . These findings suggest us that demographic profiles, disease status, and Internet accessibility influence a limited use of health information. In their early survey in 2002, the Pew Internet survey reported that some Internet users do not search for health information because "there are not any health or medical issues that concern me right now (47%), I am satisfied with the health and medical information I get elsewhere (46%), much of the information on the Internet cannot be trusted (12%), and I would not know where to start looking for such as information online (9%)" [17] . As indicated in these surveys, one of the important triggers related to health literacy that leads to health information seeking is having health problems or personal experiences with diseases. Notably, several cancer information seeking studies have reported that a signifiant number of people diagnosed with a serious disease intentionally avoid further information due to anxiety or stress [18] [19] [20] [21] [22] . People who suffer from a psychological condition such as depression also reported that they did not get much help from health information resources [23] [24] [25] [26] . Such results imply that health status, disease experience or health service use is likely associated with why people do not actively seek out health information.
Previous studies [27] [28] [29] [30] [31] [32] have also focused on demographic segmentation to target information services or health messages. Johnson and Case [33] reported that "the classic profile of high information seekers is White, middle-aged women who are members of high socio-economic status (SES) groups and are also highly educated [33] ", which is the reverse profile of inactive information seekers. Ramanadhan and Viswanath [34] also reported that people who did not seek out information "came from the lowest income and education groups and scored lower on attention to, and trust in, media health information [34] . Studies on interactions among demographic factors also reported that caregivers with low education are in poorer health [33] . A demographic profile of active online information seekers echoed the 2010 Pew Internet survey [35] . This survey indicated that male respondents were less likely to pursue "information about specific diseases or medical problems, certain treatments or procedures, doctors or other health professionals, hospitals or other medical facilities, food safety or recalls, drug safety or recalls, and pregnancy and childbirth" [35] . Higher levels of education and income were also reported as a strong indicator of Internet access and health information seeking. Senior cell phone users were also less likely to use their phones to look for health information [35] .
Health literacy from the point of view of limited use of health information has attracted an increased level of interest in the healthcare community. Health literacy is "the degree to which individuals have the capacity to obtain, process, and understand basic health information and services needed to make appropriate health decisions" [36, 37] . Many studies have investigated the effect of health literacy and health-related outcomes. For instance, a low health literacy is associated with limited knowledge of healthcare services [38] [39] [40] [41] [42] , a high risk of hospitalization [43, 44] , high mortality [45] [46] [47] [48] [49] , decreased probability of screening and prevention [50, 51] , limited understanding of medical instructions [52] [53] [54] [55] [56] [57] [58] , and less desirable health behaviors and treatment adherence [59] [60] [61] [62] [63] [64] . In addition, studies using health literacy as an intervening factor addressed the effects of interventions designed to explain the effects of low health literacy. These findings revealed that literacy intervention mostly improved health outcomes such as self-efficacy [65] [66] [67] [68] [69] , knowledge [66, 67, [70] [71] [72] , medication adherence [68, [70] [71] [72] [73] , disease prevalence and severity [65, 66, 70, 74, 75] , and healthcare costs [73, 74, 76] . Although the studies did not perform formal mediation analyses, "the change in these intermediate outcomes suggests that changing knowledge, increasing self-efficacy, and changing behavior may be important goals in mitigating the effects of low health literacy" [77] . Educational intervention using Webbased instruction [78] and technology-supported intervention using semi-automated lexical simplification [79] also indicated improvement in health literacy in the intervention group. Again, most of these studies emphasized that a majority of people still need further education to better use health information in ways that provide for optimal care. Lessons learned from predominant health literacy research motivated us to study the effect of limited skills or knowledge of health information to better understand inactive use of health information.
Within the context of user skills and knowledge, technology-related activities have been heavily discussed as a facilitator of information seeking. It is believed that health information accessible through electronic tools has little value if individuals lack adequate skills to effectively use them. With nearly half the adult population in the United States showing an unsatisfactory level of health literacy, the implication of using information technology to promote effective use of health information is considerable [80] . A profile of active engagement in technology-related activities offers an important aspect of active information seeking with relevance to the limited use of health information. In particular, there is little information on whether Internet-related activities have any influence on active pursuit of health information online. People with low literacy were found to be less effective in health information seeking [80] [81] [82] [83] . With the increased use of emerging technology in health information seeking, it is not difficult to find research that supports the benefits of technology as a medium for better storage and retrieval, distribution and accessibility, enhanced access to other sources, easy transformation to another medium, massive computation for data analytics, etc. [80] [81] [82] [83] [84] . Again, there is evidence that "individuals with low health literacy skills are less likely to use Internet technology (e.g., email, search engines and online health information seeking), and people with low health numeracy skills are less likely to have access to Internet technology (e.g., computers and cell phones)" [80] [81] [82] [83] [84] .
Some trends associated with social technologies have impacted health information consumers who become active participants in data collection and information sharing. For example, the recent Pew Internet survey reported a growing number of "people tracking their workout routines, posting reviews of their medical treatments, and raising awareness about certain health conditions" [85] . Subsequent research has confirmed that technological advancements, such as social networking or mobile computing, positively influence the dynamics of chronic disease management in areas such as diabetes, high blood pressure, depression, obesity, etc. [86] [87] [88] [89] [90] [91] [92] [93] . Consequently, active participation in "patient networks for behavior-dependent (chronic) diseases" becomes critical to achieving positive care results [94] . From the health information seeking perspective, it is interesting to identify a group of people who do not (or cannot) participate in the leading edge of healthcare information stream.
In general, the notion of information seeking with relevance to health literacy is viewed as a purposive attempt to acquire what is needed to fulfill a knowledge gap. Sometimes, information seeking can be adventitious in that "in routine use of media or in their conversations with people in their networks, people are likely to come across useful information for their own health care" [37] . Whether the seeking is purposive or incidental, people are exposed to various channels of health information resources. For instance, people use mass media or Internet for health information though they generally prefer reputable sources from their providers. Information obtained from media is largely believed to be a positive exposure to information seeking, but mixed reports exist. Clarke and Everest [18] reported that "the pattern of coverage in the media, in effect, acts to reinforce negative public attitudes about cancer and heighten fear" but it is not certain whether media exposure is negatively or positively associated with information seeking on a large scale [18] . A more important question is how to support information use once a medium of information sources is selected.
Based on the aforementioned literature, profile sketches of the notable groups of inactive health information seekers were the major objective of this exploratory study. Given the potentially influential information seeking factors, including demographic variants, health condition, health service use, media exposure, and computer/Internet activities, this study attempted to identify people who are not actively seeking health information and how they are different from active seekers of health information within the national survey data. The study also identified the potentially important determinants of inactive seeking behaviors.
Methods

Study sample
This study used data from the 2009 Annenberg National Health Communication Survey (ANHCS). 1 This publicly available data set with a user agreement for research purposes was used to explore health information seeking behaviors among "a nationally representative sample of adults in the United States" [95] . The Annenberg National Health Communication Survey (ANHCS) is a national survey which is designed to capture national trends relating health behavior and behavioral intentions to media exposure, health knowledge and beliefs, and policy preferences and beliefs." Since its inception in January 2005, ANHCS has collected data monthly from a nationally representative sample of adults in the United States. The data are archived by month and will be made publicly available each year through the ANHCS website at http://anhcs.asc.upenn.edu. were: a lot (1), some (2), a little (3), and not at all (4). Using K-means clustering analysis, a group of inactive information seekers was formed based on the combined responses from the set of the seven survey questions. An overall reliability coefficient for the set of information seeking questions is 0.849 (Cronbach's alpha), which indicates a high level of internal consistency for inactivity on the information seeking scale within this study sample. Two clusters were formed to represent inactive seekers (1) and active seekers (0). Once the two groups were formed, the study used the cluster membership as an outcome variable for Binary Logistic Regression (BLR) to identify potential predictors for inactive seeking status (outcome variable = 1).
Predicting variables
The study used the following predictor variables selectively modified from the 2009 ANHCS data. These included the following: Health Condition, Health Service Use, Media Exposure, and Computer/Internet Activities. These variables were used to predict major factors that affect inactive information seeking status (outcome variable = 1). Predicting variables with relevance to media exposure are adopted from Johnson's CMIS framework. Johnson mentioned that "(media) channels have proliferated greatly due to the application of computers and telecommunications to older media", so this study not only included traditional mass media related variables but also computer/Internet channels that carry health information [33] .
Health condition and health service use
Three variables were included in this study to represent the effect of an individual's health condition in predicting health information seeking status. Health Condition indicated the severity of a health condition by summing up confirmed diagnoses reported by the respondents for 0 to 24 different diseases. Medication Use also indicated the severity of a health condition by summing up medications taken for 0 to 22 different drugs. The list of diagnoses and medications was taken from the ANHCS survey. In addition, Caregiver Status referred to an aggregate score indicating the number of health conditions that a respondent dealt with as a caregiver. Health Service referred to an aggregate score indicating the number of health services they used for the past year. The services include prescription service, medical service, drug assistance program, alternative treatment, and retail clinic visits. In addition, any experiences with healthcare cost were also captured as part of the health service measure.
Computer/Internet activities and media exposure
The extent to which technology plays a role in health information seeking is essential to identifying predictors for the seeking status. Therefore, this study included survey questions assessing computer and Internet use and activities. They included questions asking about 17 computer activities and nine Internet activities. Additional questions asking about specific Internet resources the respondents used were also included as part of the Computer Activities variable in the analysis. To what extent individuals are exposed to media is a major study variable in health communication literature. This study also used Media Exposure as a predictor variable for information seeking status. A set of relevant survey questions was identified from the ANHCS data to assess whether media exposure is an important factor in predicting information seeking status. The media exposure variable included how much the respondents have heard about specific health issues from the media, how many medical show episodes the respondents watch, how often the respondents read health sections from magazines or newspapers, and how often they have heard/seen drug advertisements about certain health conditions.
Data analysis
The study performed K-means clustering to discriminate inactive seekers from active seekers. Two pre-determined clusters, Inactive (1) and Active (0), were entered in a K-means clustering analysis. The cluster membership for individual survey respondents was used for further BLR analysis. Cross-tabulation was then used to describe identifiable characteristics of inactive seekers that are different from active seekers. Binary Logistic Regression (BLR) was performed to identify statistically strong predictors for information seeking status. The analyses were performed using IBM SPSS Statistics (Version 21). People with higher education (Bachelor's Degree or higher = 29.5% vs. 27.7%) were more likely to be clustered in the Inactive Seeker group while more respondents with a low level of education were clustered in the Active Seeker group (less than high school = 10.5% vs. 14.5%). A total of 83.5% of respondents (N = 11,338) were White, followed by Black or African American respondents (N = 1275). It is interesting to note that 61% of the White respondents (N = 6912) were clustered in the Inactive Seekers, while the rest of the races had almost equal distribution between the Inactive and the Active clusters. Regarding household income, the study's findings suggest that respondents from higher income households are more likely to be clustered in the Inactive Seeker group (>$125 K = 62.1% vs. 37.9%) than those from low income households (<$25 K = 52% vs. 48%). In summary, the Inactive Seekers in this study's data are identified as younger, male, highly educated, White, and high household income people. This result is a surprising finding considering that highly educated males with high income not from a minority group are not popular in health communication studies as a target population to deliver health messages.
Results
Demographic characteristics
Health condition
The study sought to address whether disease-related variables such as confirmed diagnoses, medicine taken, and caregiver status have an influence on information seeking status. The most numerous confirmed diagnoses that the Inactive Seeker groups reported are High Blood Pressure (N = 1627, 27.3%) followed by High Cholesterol (N = 1485, 24.9%). The detailed data is described in Table 2 . The high profile diseases reported included the following: Acid Reflux Disease (N = 817, 13.7%), Seasonal Allergies (N = 831, 14.0%), and Depression (N = 742, 12.5%). In terms of the total number of confirmed diagnoses reported, the Inactive Seekers (Avg = 1.89, Std. = 2.0) reported fewer diagnoses than the Active Seekers (average = 1.89, Std. = 2.5). This result confirms that those who have medical disorders actively seek out health information compared to people who do not. However, the difference is not large and the sample may under represent those with disorders. Only slightly more than 30% of the respondents indicated that they have a confirmed diagnosis. This result is consistent with data on medicine taken. Among the Inactive Seekers (N = 6155, 61.7%), the most common disorders for which people have taken medicine are the following: Allergies (N = 1509, 24.51%), High Blood Pressure (N = 1361, 22.11%), Sinus Infection (N = 1045, 16.97%), and High Cholesterol (N = 1044, 16.96%). In the data on medicine taken, the number of disorders for which medicine is taken, such as Cold Sores (N = 440, 57.29%), High Cholesterol (N = 1044, 56.34%), Sinus Infection (N = 1045, 55.59%), and Hemorrhoids N = 444, 55.36%), is higher among Inactive Seekers than among Active Seekers. In proportion, the greater differences between Inactive and Active Seekers are found in the drugs used for such disorders as Allergies (−7.23%), High Blood Pressure (−7.27%), Heartburn (−7.91%), Arthritis (−8.52%), and Acid Reflux (−7.32%). This greater difference indicates that the Inactive Seekers with these popular drugs do not seek out information compared to the Active Seekers. As a part of the disease-specific analyses, the study also assessed the status of family caregivers to see if there is any difference between information seeker groups. Again, the major finding is that those with more care-giving responsibilities are clustered in the Active Seeker group rather than the Inactive Seeker group. The caregivers for people with the most common diseases, such as High Blood Pressure, High Cholesterol, Diabetes, and Seasonal Allergies, are in the range of 28.5-12.3% of the total Inactive Seekers (N = 4095, 58.27%).
Health services
The Inactive Seekers were less likely to suffer hardship for healthcare expenses than Active Seekers in this study group. Ironically, the Inactive Seeker group reported that they used more prescription refill services than Active Seeker groups. In addition, the Inactive groups were more likely to use medical services, including regular doctor visits (N = 4669, 56.70% vs. N = 3560, 43%). This debatable result does not support the study assumption in which the Inactive Seekers are less likely to use health services than Active Seekers. Other health services such as drug assistance programs, alternative treatment, and retail clinic use were reported to be less likely used by the Inactive Seekers. Table 3 shows details of the analysis according to the two clusters.
Media exposure
The study assumed that more media exposure about health issues would influence health information seeking status. For the media exposure, the respondents reported that they heard, watched, and read mass media such as TV, newspaper, genera/health magazine, and medical journals about health issues. The most popular issues in these media include the following: overweight or obesity (N = 13,313, 94%), insurance coverage (N = 12,939, 91.30%), HIV and AIDS (N = 9539, 67.50%), and cancer (N = 12,702, 89.70%). The study also assessed popular TV shows, such as ER House, and the difference between viewers from Inactive versus Active seeker clusters was not consistent across the shows (Table 4) . 
Computer/Internet activities
The study analyzed computer and Internet activities asking whether the respondents used computer and Internet for the listed activities. Across the activities, the study data confirmed that there was infrequent use of computers and
Internet among Inactive Seeker clusters compared to Active Seeker groups. The study data also indicated that respondents were highly interested in Searching for information which was further confirmed in the Internet activity of searching or Health-related Web sites (N = 2836, 27.7%). Interestingly, the most popular activity reported, Searching health websites, was ). In addition, the study found that the greatest difference between the Inactive and Active were found in health-related activities like looking for cost information for prescription drugs (5.6%), looking for quality ratings for physicians and hospitals (3.8%), reading health-related blogs (3.2%), and communicating with healthcare professionals (3%). This confirmed that the health related activities through the computer/Internet medium are less frequently used by the Inactive Seekers (Table 5 ).
Predictors of Inactive Seekers
The second research question sought to identify core factors that predicted the seeker group that will not actively seek out health information through any major media. The outcome variable for this study is coded as an inactive information seeker is 1 and otherwise 0. A binary logistic regression was applied to 14,420 observations to predict the probability of being an inactive health information seeker from variables dealing with the health status, health service, media exposure, and computer/Internet activities. Table 6 shows the differences between the two cluster groups. The total number of confirmed diagnoses was slightly less in the Inactive group (N = 1.35, Std. = 2.003) compared to the Active group (N = 1.89, Std. = 2.522). The results were consistent in the other measures. While slightly less than 2 medicines taken were reported by the Inactive Seekers, there were 2.31 medicines reported by Active Seekers. The total number of the caregiver status also confirms that the Inactive Seekers were less likely to be supporting their family members for healthcare (Inactive = 0.05 versus Active = 0.11). While the total number of Internet activities shows noticeable gaps between the clusters (Inactive = 0.52 vs. Active = 0.8), computer activities (Inactive = 3.64 vs. Active = 3.65) were reported to have an insignificant difference. Table 6 shows the details of the predictor variables by the two clusters.
In the BLR analysis, four blocks of independent variables were utilized. Block one consisted of the aggregate number of confirmed diagnoses (diagnosis), the aggregate number of medicines taken (medicine), and the aggregate number of being a caregiver (caregiver-adult, caregiver-child). Block two consisted of the aggregate number of computer activities (computer) and the aggregate number of Internet activities (Internet). Block three consisted of the aggregate number of health media exposed to (media) and block four included the aggregate number of health services received (service) ( Table 7) . The first model, in Block one, included disease-specific variables. The results from Model 1 indicated that healthier people are less likely to seek out health information than unhealthy people. Three coefficients on the diseasespecific variables (diagnosis, medicine, caregiver-adult, caregiver-child) had a Wald statistic equal to 82. The "odds ratio" of Media Exposure by popular resources is 1.589 with a 95% confidence interval of [1.543, 12.78] . This implies that people who are exposed to various media are almost 1.6 times more likely to seek out health information than people who are not exposed to such media. The "odds ratio" for the Adult Caregiver coefficient is 1.465 with a 95% confidence interval of [1.320, 1.626] . This suggests that the caregivers for adult family members are almost 1.469 times more likely to seek out health information than others. The 
Discussion
This study hypothesized that people who are relatively healthy do not seek out health information. The results confirmed that people who reported fewer confirmed diagnoses, less medicine taken, or fewer caregivers for family members were inactively seeking out health information compared to the other cluster members. This is not surprising given that people after diagnosis may face issues like anxiety, side effects, guilt feelings, powerlessness, pain and death [96, 97] . Within the context of diseased status, active information seeking is pursued to relieve or make sense of diagnoses, medications, and health services. This finding was anticipated considering strong evidence from health communication research. The evidence indicated that "individuals' personal experience with disease" is the most important trigger to health-related information seeking [98, 99] . These results were confirmed by other studies reporting that people with more experience with diseases sought the Internet for hereditary information [96] . Additionally, people with a history of cancer in their family were more active information seekers [97] . Although the study could not confirm the disease specific differences among the study samples, it is worthwhile to emphasize that nearly half of the Inactive Seekers with confirmed diagnoses, medication use, and caregiver status remained a silent group in seeking necessary health information. Slightly more than 55% of the cancer patients in this sample (N = 343) answered that they do not actively seek out health information from any given media channels. Although the prevalence in the study sample is rather small, the cancer medication users (Inactive = 60 vs. Active = 72) also reported that they do not actively seek out health information and the results were not trivial in the caregivers' of cancer patients (Inactive = 58 and Active = 97). This finding not only suggests that health information service should target inactive users with less experience with disease, but also the service should plan with disease specific profiles [100, 101] . Therefore, the disease specific profile of health information should be actively circulated at the time of confirmed diagnoses, medication dispensing, and at the notification of caregivers.
The study found a somewhat debatable finding from the analysis of the health service variables. Based on previous studies, personal exposure to disease can increase awareness of active information seeking. However, the comparative findings from the health service by the two clusters suggest that the Inactive Seekers are those who require more medical service and more prescription fill services than the other cluster members. Inconsistently, for services related to drugassistance programs, alternative treatments, and retail clinic visits were found to be positively related to active health information seeking, which means that more Active Seekers use more of these types of health services. This result may be indicative of less important factors to predict Inactive Seekers in the logistic regression analysis.
The impact of technology-related activities was thought to be important in seeking health information. Previous studies indicated that people with more computer exposure were more likely to pursue health information [102] [103] [104] . However, this study shows some mixed results. For example, people with more general computer activities are less likely to pursue health information than other computer users. Compared to general computer activities, Internet activities were found to be more positively related to active information seeking. This result is consistent with the majority of Internet studies reporting people sought health information actively on the Internet. Considering that seeking of health information on the Internet is one of the most prevalent Internet uses, it is not surprising that the Internet (or Web) is considered a driving force of the health information portal. Among the Internet activities reported, posting and looking for quality ratings for health professionals and services were found to be the most distinguishable activities between inactive and active seeker clusters.
This result implied two important points. First, unlike Internet activities, general computer activities were not a direct impact on inactive information seeking while Internet activities is a predictor for inactive seeking. On the other hand, the computer activities asked about in this survey might not have been framed appropriately in that it did not measure the degree of general computer activities. In particular with the measure issue, the study introduces a further challenge for developing a technology literacy scale in the health context for use as a variable to measure personal skills and knowledge.
Lastly, the study ran a logistic regression to assess whether inactive information seeking can be predicted based on four distinct study measures: health status, health services, media exposure, and computer/Internet activities. The result suggested that media exposure was the strongest indicator for predicting inactive information seekers. This means that people with less exposure to mass media, such as TV, newspapers, magazines, etc., did not actively seek out health related information compared to those who had more exposure to media. As shown in model 3 and model 4, additional measures, such as computer activities and health services, only increased by 0.3% prediction accuracy for inactive information seekers. Although the measures used in this study are exploratory in profiling Inactive Seekers, the study findings are important indicators for profiling people who are not seeking out health information actively.
The limitations of this study are as follows. The measures for computer/Internet activities should consider competency so that how well people use a computer can be studied with relevance to health information seeking. Only two groups of information seekers were identified in this study. The degree of information seeking with reference to a comprehensive understanding of individuals from various aspects was limited in this study. Within this context, variables including seekers' knowledge and competencies, personal disease experiences, media exposure, and health beliefs and behaviors are to be carefully measured for advanced analysis. Cognitive factors such as health beliefs and behaviors are to be further studied to develop a personalized information source. In line with an "information pathways" approach, Beaudoin and Hong [90] emphasized inconsistent and dynamic information needs of individuals who may approach information seeking through diverse information carriers. Thus, further research on activating or intervening factors related to personal preference would be important to profiling inactive seekers.
Conclusions
The purpose of this study was to develop a model to predict the factors that influence inactive information seekers in national survey data. The survey results indicate that patterns from existing health information seeking theories are only partially supported: healthier people are not likely to respond to active information seeking. People with less media exposure in health issues are inactive information seekers. Slightly less than 60% of the respondents were clustered as Inactive Seekers. Further research should pay close attention to why people do not seek out health information. Profiles of people who are not seeking health information are not simply the reverse of people who are seeking health information. Moreover, investigation of inactive seekers should not focus on the benefits of active seeking. Rather, further research should be directed at estimating the negative aspect of information seeking such as information ignorance or information avoidance [102] [103] [104] [105] .
The measures explored in this study with the national survey will be an important step to reducing forces preserving inactivity of non-responsive groups. Paradoxically, the general public is excited about more information becoming accessible so they can become informed and responsible health consumers. Yet, it is time to repeat the question of how we address people without information or people without motivation to pursue information.
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